Abstract-A proactive recommender system pushes recommendations to the user when the current situation seems appropriate, without explicit user request. This is suitable in e-Learning scenarios in which a great amount of learning objects are available but it is difficult to find them according to the user's needs. In this paper, we present a model for generating proactive context-aware recommendations in the Virtual Science Hub (ViSH), a educational platform related to the GLOBAL excursion European project. The model relies on domain-dependent context modeling in several categories to generate personalized recommendations to teachers and scientists that will produce the learning resources the students will consume. The recommendation process is divided into three phases. First, the generation of the social context information related to the users in the platform. Then, the current situation considering the social, location and user context is analyzed. Finally, the suitability of particular learning objects to be recommended is examined. Therefore, details about the recommendation model proposed and advantages related to applying the model in ViSH can be found in the paper, in addition to some conclusion remarks and outlook on future work.
I. INTRODUCTION
Traditional educational platforms usually have had a problem related to find the most suitable learning objects among all the items available for a specific user, taking into account his/her interests. Moreover, when this kind of platforms store a huge number of learning objects, it is difficult for users to difference between high and low quality pedagogical content. Sometimes the learning objects are gathered by categories using taxonomies or folksonomies. Despite this, it is still hard to find the best learning objects inside those groups as the number of them to check is commonly overwhelming.
This problem has been solved (or at least mitigated) by using recommender systems in areas such as book sale (e.g. Amazon) or video on-demand (e.g. Netflix). In these fields, the number of items to be analyzed is also huge and it is needed a system that recommends the best items to users in a personalized way considering their tastes and consumer history. However, the application of recommender systems in the e-Learning area is currently limited.
A proactive recommender system pushes recommendations to the user when the current situation seems appropriate, without explicit user request. This is suitable in e-Learning scenarios in which a great amount of learning resources are available but it is still difficult to find them according to the user's needs.
In this paper, we present a model for generating proactive context-aware recommendations in e-Learning systems. Our scenario is the GLOBAL Virtual Science Hub (ViSH), the social platform related to the GLOBAL excursion (Extended Curriculum for Science Infrastructure Online) European project. Its aim is to provide students and their educators across Europe with a range of e-Infrastructures and access to expert knowledge on its usage for a joyful exploration of e-Science. Specifically, ViSH contains a selection of e-Infrastructures, learning objects and a social network where scientists, teachers and students will be able to exchange and establish collaborations.
Bearing in mind the aforementioned scenario, we propose a model that relies on domain-dependent context modeling in several categories (i.e. social, location and user context) to generate personalized recommendations to teachers and scientists that will produce the learning objects the students will consume. As a result, simple pedagogical contents (e.g. videos, slides or images) and complex activities (e.g. virtual excursions or flashcards) can be recommended, as well as users registered in the platform that can be interesting for the target user (e.g. the system could recommend a biologist from London to a teacher from Madrid who wants to generate specific material related to the same area).
The rest of the paper is organized as follows. The next section reviews related work in the area of recommender systems and its applications in e-Learning platforms. Section 3 describes the GLOBAL excursion project and the ViSH scenario. Section 4 explains our proposed model. In Section 5, we discuss the advantages of applying this model to ViSH. Finally, the last section provides some concluding remarks and outlook on future work.
II. RELATED WORK
A great variety of research and practical applications exist in the area of recommender systems and context-awareness (see e.g. [1] , [2] or [3] ), especially in the mobile guides field [4] or the shopping domain [5] .
However, proactivity has not gained much attention in personalization and recommender system research. Most systems require the user to perform some kind of action to trigger the generation or retrieval of recommended items. As an example of proactivity in an existing system, Hong et al. [6] proposed an agent-based framework for proactive personalization services. This approach proposes a model according to which a user profile is deduced from a user's context history. The model enables proactive recommendations in the future. However, training time is very important in the proposed model.
Ricci discusses proactivity and its role in recommender systems to transform them from topic oriented information seeking and decision making tools, to information discovery and entertaining companions [7] .
Regarding to proactivity models, Woerndl et al. [8] recently proposed a model in mobile context-aware recommender systems. And Gallego et al. [9] carried out a study on proactive delivery of restaurant recommendations for Android smartphones based on that model, with good results regarding usefulness and effectiveness.
Although recommender systems have been traditionally applied in different domains such as shopping, TV programs, books, etc. [10] , the use of recommender systems provides useful applications in the educational field [11] , [12] . It has potential to assist students in finding the best possible courses into enrolment applications [13] , [14] .
On the other hand, recommendation approaches for learning objects repositories have been proposed. For example, Ruiz-Iniesta et al. [15] proposed a proactive recommendation approach adapted to the student profile. Cheng [16] presented a type of recommendation agent based on cognition inference. The semantic web also offers new possibilities for recommender systems, and ontology-based learning object recommendations have been presented [17] , [18] , [19] .
Some authors aim to integrate multi-agent recommendation systems into a mobile learning platforms [20] . Others findings [21] presents research on personal recommender systems for lifelong learning. User profiles, learning contents and preferences are usually relevant in a recommender system. However, Bobadilla et al. [22] take into account the student's opinion as input for further recommendation of the learning object.
III. SCENARIO: RECOMMENDING IN THE VIRTUAL SCIENCE HUB PLATFORM
The GLOBAL excursion project [23] will develop a common understanding, teaching use cases, as well as pedagogical and technical artifacts. The main purpose of the GLOBAL excursion project is to enable students and teachers access to the experimental laboratories and resources of selected e-Infrastructures in order to improve science curricula by enriching school's existing teaching and learning materials. GLOBAL excursion will develop a platform called Virtual Science Hub (ViSH) to host all the activities carried out by the teachers and researchers in the project and to foster collaboration between them. With the intention of continuing after the project ends, being a meeting point between science and schools, researchers and teachers, and teachers themselves. That is why ViSH will be a social network, where every user will be able to follow another user and to be followed by other users interested in their activity. Users will also have a profile with their activity (e.g. learning objects uploaded, users followed and following, etc.) and a wall compiling the activity of their contacts network.
On the other hand, some science fields can be very difficult for young students. The initial fields covered in the project are nanoscience, biotechnology, volunteer computing and grid computing. To enhance the students interests and make this topics enjoyable and amusing for them, a new kind of complex learning objects called virtual excursions have been defined. These virtual excursions are created by the teachers and consumed by their students. A virtual excursion can be one of the following:
• a virtual meeting via videoconference between the classroom and the researcher, where the researcher explains a specific topic with the contents available in the platform.
• the use of a remote lab or microscope with the supervision of a researcher.
• a compilation of simple resources, like texts, images or videos together with interactive objects such as quizzes and flash objects into a slides presentation.
• interactive resources or applications based on specific topics developed by the project partners like virtual experiments or flashcards. To create a virtual excursion the teacher will have to select among contents hosted in the ViSH. The number of resources available in the ViSH platform can be very high, and higher with time, because when new researchers and teachers join ViSH they can upload new resources from their institution. Recommendation will be very important here to make this task as easy as possible. Besides, as the teachers and researchers community grows, ViSH should recommend interesting users to follow. They could be other teachers or researchers with common interests or that have uploaded content that can be interesting. Finally, a virtual excursion can be directly recommended to the teacher to use it with his/her students if it is related, for example, to the teacher's subjects.
IV. INTRODUCING PROACTIVE CONTEXT-AWARE RECOMMENDATIONS IN E-LEARNING SYSTEMS
Our model for generating proactive recommendations in e-Learning systems incorporates contextual information to assess whether a recommendation is suitable in a given situation. It also evaluates which learning objects from ViSH are interesting for the user that is being recommended. We first define what we mean by context and then we develop our model.
A. Context
As we have seen in Section 2, using context-awareness information is now a common feature to improve recommender systems on the basis that the more information you have from a user, the more personalized and accurate will be the results provided.
There has been much research on the area of generating context-awareness and different definitions of the term context exist (e.g. [24] , [25] ). We follow the definition proposed by Dey [26] , in which context can be defined as characterizing the situation of entities that are relevant to the interaction between a user and an application. To generate proactive recommendations we are utilizing the following context categories: 1) Social context: the links (e.g. common interests, related profiles, etc.) among users in the ViSH platform that allow us to gather them into clusters by similarity. 2) Location context: temporal (e.g. current time) and geographical information (e.g. nationality or language). 3) User context: the current activity of the user (e.g. if he/she is consulting the ViSH platform through a mobile device or a desktop computer).
B. Model: process overview
Fig. 1 summarizes our three-phase model to handle proactive context-aware recommendations in e-Learning systems. The model analyzes the current context and generates a personalized recommendation that determines not only the best item(s) in a given situation, but also whether the situation warrants a recommendation at all. It combines previous work in the area of proactivity proposed by Woerndl et al. [8] and in the area of context-aware recommender systems proposed by Gallego et al. [27] .
In the first phase, the system generates the social context related to a user by analyzing all the users and learning objects present in the e-Learning platform in order to gather them in clusters by similarity. This phase is executed from time to time (e.g. once a day), as the social context does not change quickly.
In the second phase, the system determines whether or not the current situation warrants a recommendation considering social, location and user context information. This phase is executed periodically in the background when the user is active in the e-Learning platform.
The third phase deals with evaluating the candidate items to be recommended. If one or more items are considered good enough in the current context, the recommender system would communicate it to the user. This phase is only executed when the second phase indicates a promising situation and the corresponding score exceeds a threshold.
Finally, the user has the possibility of giving feedback about the recommendation provided in order to allow the system to take that information into account for future recommendations.
C. Phase I: Social Context Generation
It begins with the system taking the user profiles provided by the e-Learning platform so as to apply a clustering segmentation to them. In the ViSH case, two users are similar when their profiles are alike in terms of educational interest (e.g. nano-and biotechnologies), role in the platform (e.g. teacher or researcher), students' age, curricula, etc. Once the social clusters have been generated, the system calculates the clusters trends map by considering which learning objects have been created or consulted by every user belonging to the clusters. We assume that in the platform there is an unequivocal relationship between a learning object and its creator, and also between a learning object and the users that have consulted or used it.
Hence, in this second process, we create a map of learning objects where the relationships among them and the clusters are shown, noticing this way the educational trends of every cluster. In other words, we know what learning objects are consumed in every cluster.
When the target user enters the first time to the e-Learning platform, his/her user profile is retrieved and the user's cluster discovery process is activated. The system checks the information profile extracted from the user ViSH account and calculates the similarity between it and the social clusters available in order to assign him/her to any of the existing clusters. After these steps the system knows the social context of the user because he/she has been assigned to one of the social clusters previously generated. Every cluster has a set of learning objects assigned that are interesting for the users belonging to the cluster. Therefore, the system knows which learning objects (that have not been generated or previously consulted by the user) are candidates to be recommended (represented by the user's cluster trends map). This set of candidates learning objects is rated taking into account how many times a pedagogical material has been queried and by whom, so as to recommend first the items that are trendier in the user's social cluster.
Finally, bearing in mind that this kind of information does not change continuously (e.g. the user profile usually is a constant information), this phase is not restricted to a real-time execution. For that reason, despite the fact that the data mining procedure could be heavy if we have a lot of users and/or learning objects, it is not necessary to calculate these clusters in every recommendation process.
D. Phase II: Situation Assessment
In the second phase, the system calculates a score S1 which is a number between 0 and 1. If S1 exceeds a threshold T1, the third phase will be initiated. If S1 = 1, the highest possible value, then a recommendation will be triggered in any case. If the current situation does not warrant a recommendation, no matter how high a particular item would score, S1 is set to 0 and the recommendation process is aborted without considering items for recommendation. Note that this phase does not take properties of single items into account. However it considers general properties of the set of candidate items in a current context (e.g. availability of learning objects in English that can be consulted in a mobile device).
Each contextual attribute is weighed depending on the relative importance of the parameter to the recommendation process. The higher the score for a context attribute, the higher the indication that a proactive recommendation could be useful. That contextual information related to the user is needed as a prerequisite to calculate S1. In our model, the social context information is provided by the user's cluster trends map generated in the previous phase. The location context (i.e. temporal and geographical information about the user) is extracted from the platform or in the worst case, from the browser or from the mobile device (if the application is being consulted from a smartphone or a tablet). The user context is provided by the platform. In the ViSH case, as it can be consulted through desktop and mobile devices, the platform is in charge of providing this information as well as other context parameters like what is the current activity of the user (e.g. completing a virtual excursion, having a videoconference session, etc.) in order to avoid disturbing him/her if the user is focused on other important task.
Furthermore, the score S1 has an impact on the threshold T2 of the third phase, i.e. the higher S1 is, the lower T2 is set. Therefore, the threshold T2 is a function of S1 in the simplest form:
This means that when the situation is considered appropriate for a recommendation, S1 is high and it is more likely that at least one item score S2 in the third phase reaches the required threshold T2 and an item will be recommended to the user. On the other hand, if the situation assessment leads to a mediocre score S1, phase III might still be initiated but only an extraordinary high rated item might score good enough to be recommended.
E. Phase III: Item Assessment
If the current situation is considered suitable for the user, then the third phase is started by passing it the context information previously used to calculate S1.
In this phase, the suitability of particular items is evaluated. To do so, the rated learning objects provided by the user's cluster trends map are now rated taking into account the location context. Consequently the learning objects that are in the same user's language or have to be consulted at a specific time (e.g. synchronous learning objects such as remote experiments under the supervision of a researcher), will have a higher rating compared to other educational contents that do not fit the location context properly.
After that, the system applies a new rating process to the located user's cluster trends map considering the user context. Again, a learning object that fits better the current user context will have a higher rating. For instance, if the user is consulting the application in his/her smartphone, the educational content has to be adapted to be consumed in a mobile device.
Therefore, the result of phase III is a score S2 for each item in the candidate set. To determine this score, a combination of the previous contextual ratings (i.e. socialCtxScore, locationCtxScore and userCtxScore) is done as a linear weighted combination:
Where socialCtxScore, locationCtxScore and userCtxScore are numbers normalized to [0, 1] and w s + w l + w u = 1.
Consequently, S2 is again a number normalized to [0, 1], with S2=1 being the best possible score. An item can be immediately eliminated from the recommendation process (then S2 is set to 0), for example if a learning object is not available right now.
The candidate items will be ranked according to S2 and tested against the threshold T2. If S2 > T2 for an item, then this item is finally considered for recommendation and the user is notified. Depending on the application scenario, the best k items above the threshold will be displayed. If no item score S2 exceeds the threshold T2, then no item is recommended. The process is aborted and restarted with phase II at the next configured interval. If the score S1 from the first phase is 1, the best-ranked item will be proposed in any case, since the threshold T2 is 0.
F. User Feedback
Once the recommender engine has generated a personalized recommendation composed by the best-ranked learning objects, the user interface is in charge of displaying the recommendation. The model is not restricted to how the visualization is carried out, as it will depend on the device used, as well as the design and layout available in the application.
After the recommended items are communicated to the user, he/she can optionally give feedback on the recommendation. The feedback is a rating for an item that can be utilized when assessing the relevance of the item, so as to be taken into account as social context information for his/her social cluster in phase I.
In addition, the user can give feedback on the point in time of the recommendation by rejecting or ignoring the whole recommendation. In this case, the feedback influences the thresholds T1 and T2: a negative feedback on the point in time results in higher thresholds, and thus decreases the chance of a proactive recommendation in the future in a similar situation.
V. DISCUSSION: APPLICATION IN VISH
The application of the model described above to the ViSH platform brings several advantages against traditional recommender systems methods. First of all, users do not need to set up the system with initial information as it learns from their activity in the platform. The recommender engine works in a transparent way to end users since it retrieves the required data from ViSH to generate the recommendations, without being necessary an explicit training process.
In addition, by using this model the system can recommend not only learning objects, but also users from the same cluster as interesting people to follow in the ViSH platform. This can be done by using the social clusters generated in the phase I of the model. All the users belonging to the same target user's social cluster are by definition similar in terms of educational interest, profile, type of students, etc. Hence, although the system is focused on recommending learning objects, it is also possible to recommend people so as to increase the collaboration and social relationships among ViSH users, achieving in this way one of the main purposes of the project.
On the other hand, the model allows different ways of accessing the application as it is not restricted in how the recommendations are displayed and how the location and user context information is retrieved. In ViSH, desktop and mobile user interfaces are available. For that reason, different visualizations and context parameters will exist providing richer information to enhance the context-aware recommendations and the proactivity features.
Finally, despite this model is focused on generating proactive recommendations, it is also possible to activate the recommendation process by a user request. One of the features that are supposed to be available in ViSH is a recommender tool in which users can set a personalized request to generate a recommendation about learning objects whenever they want. This can be done in our model by skipping the phase II (Situation Assessment). As the user is requesting a recommendation, that means that the situation is completely suitable, and for that reason by setting S1 = 1 we can skip the analysis of proactivity, passing directly to the phase III in which the items are evaluated considering the context information and the user request parameters.
VI. CONCLUSION AND FUTURE WORK
In this paper we have presented a new model for proactivity in context-aware recommender systems focused on the e-Learning domain. We have described an innovative way of recommending learning objects to users belonging to an e-Learning platform. It takes into account their current social, location and user context to select the most suitable situation to consume that objects, without being needed a training process as the system learns from the users' activity.
As we have seen, the application of this model in ViSH (a real scenario related to the GLOBAL excursion European project), provides several advantages compared to traditional recommender systems. It allows not only the possibility of recommending learning objects, but also users belonging to the platform that share the same interests considering a target user. The model additionally provides the possibility of recommending in two ways: proactively and following a user request, achieving the uses cases required in ViSH.
Future work includes the implementation of this model in ViSH to test it in the user evaluation phase. It is going to be carried out inside the GLOBAL excursion project in the present year. This will allow us to evaluate the usefulness, effectiveness, accuracy or reliability in the recommendations provided.
In regard to enhance the social context generation, the application of network science techniques to analyze relationships and links among users and learning objects in the ViSH social network could be also an interesting point to investigate. The appearance of power law distributions, small-world [28] or scale-free network properties [29] , or users acting as social hubs, would provide us important information to improve the social context information.
An additional open issue related to the application of this model in an e-Learning scenario is the possibility of recommending a personalized composition of related learning objects. This will allow to create complex learning objects (or virtual excursion like are called in ViSH) focused on one specific topic to provide extra value to end users interested on it. For instance, several learning objects (e.g. videos, slides or images) related to the biology of the cell could be joined in order to offer a complete pedagogical material that could be used by teachers giving a lesson on that subject.
